The official institutions (NBER, OECD, CEPR and others) provide business cycle chronology with a lag from 3 months up to several years. Markov-Switching Dynamic Factor Model (MS-DFM) allows to produce the turning points more timely. The Kalman filter estimates of the model can be obtained in one step with limited number of series or in two steps on a much richer dataset. While the choice of correct series is a challenge for the one-step method, the problem of the two-step method is the potential misspecification. In this paper we apply one-step and two-step approaches to the French data and compare their performance. Both methods give qualitatively similar results and prove to reproduce the OECD business cycle chronology on the 1993-2014 monthly sample well. We find that the two-step method is more precise in determining the beginnings and the ends of recessions. Also, both methods produce extra signals corresponding to downturns which were too short to belong to OECD chronology of recessions.
Introduction
The knowledge of the current state of the economic cycle is essential for policymakers. However, it is not easy to determine. In fact, a certain time is to pass before the official institutions announce the state of today. NBER and CEPR produce the reference economic cycle dating for the USA and Europe, respectively, on a basis of a consensus of expert opinions with a lag of several months or years. The OECD reference economic cycle dating for Europe is based on the quarterly GDP series, so the monthly chronology is updated every quarter only, i.e. with a lag of up to 3 months. Other institutions, such as ECRI 3 , provide dating with at least one year lag. Besides the timing, another complicated issue is the definition of recession and setting the list of series that should be taken into account as indicators of the economic cycle. It is not clear whether we should consider the recession over if the industrial production is reanimated but the unemployment rate is still high and keeps rising. A straightforward example of such case are the consequences of the 2008 crisis, when the improvements in the world economic rebound growth were not sufficient to employ 197 million and 202 million of extra labor in 2012 and 2013, respectively. Finally, which method should be used to determine turning points? Several procedures can be used, and the results are likely to differ. Therefore, due to the timing of new releases of economic data, ambiguity of definition and methodological issues, the identification of the current state of the economy is a complicated task. We attempt to tackle these three problems in case of the French economic cycles on the basis of the Markov Switching Dynamic Factor Model.
The Dynamic Factor Model with Markov Switching (MS-DFM) was first suggested by Diebold and Rudenbusch (1996) 4 . This paper relies on the seminal paper by Hamilton (1989) which applies a univariate Markov-Switching model to business cycle analysis. It was then formalized for the multivariate case by Kim, Yoo (1995) and used extensively afterwards by Chauvet (1998) , Kim, Nelson, (1998) , Kauffmann (1998) . The model allows to consider two features of an economic cycle, as described by Burns and Mitchell (1946) , namely the comovement of individual economic series and the division of an economic cycle into two distinct regimes, recession and expansion. Thus, the common factor of the economic series contains the information on the dynamics of the economic activity, while the two-regime pattern is captured by allowing the parameters of the factor dynamics to follow a Markov-chain process. While the original model assumed switches in mean, other types of non-linearity were proposed by Kholodilin (2002a Kholodilin ( , 2002b , Dolega (2007) , Bessec, Bouhabdallah (2007) where the slope of factors or exogenous variables is state dependent; or by Chauvet (1998 Chauvet ( , 1999 , Kholodilin (2002a Kholodilin ( , 2002b , Kholodilin, Yao (2004) , Anas et al., (2007) where the variance of idiosyncratic component is state dependent; and lastly by Chauvet, Potter (1998) and Carvalho, Lopesa (2006) where the authors allow for structural breaks in factor loadings.
The MS-DFM model can be estimated either in one or two steps. The one-step method implies estimation of parameters of the model and factor series simultaneously, under specific assumptions on the dynamics of the factor. The two-step method consists of 1) extraction of a composite indicator reflecting the economic activity (the factor); 2) estimation of the parameters of the univariate Markov-Switching model on factor series. As usual, each method has its advantages and disadvantages. The one-step approach is given more favor in the literature since, within this method, the extracted factor is designed so that it has Markov-switching dynamics. On the other hand, the one-step approach is subject to convergence problems and is more time-consuming, since the number of parameters to estimate is much larger than in the case of two-step procedure, and increases with the number of series in the database. Thus, it is necessary to choose a set of variables that would reflect the oscillations of the economic activity correctly. The two-step procedure is much easier to implement, is flexible in model specification and does not put any limits on the number of series by default. This is why it has been used in a number of papers, for example by Chauvet, Seynuz (2008) , Darné, Ferrara (2011) , Bessec, Boubdallah (2014) and others. However, Camacho, Perez-Quiroz, Poncela (2012) showed that this method may face misspecification issues, as the factor extracted on the first step does not necessarily follow a non-linear dynamics. More precisely, the authors argued that when estimated with a linear DFM, the factor may give too much weight to the past values of underlying series, thus being slow to reflect the most recent changes. Therefore, the choice of the estimation method implies a trade-off between the advantages of large datasets and these potential misspecification problems.
In this paper we analyze and compare the results of these two estimation methods for a dataset of French economic series. We estimate the MS-DFM for the period May 1993 -March 2014 via the two-step method on a large database containing 151 series and via the one-step method on 4 series, as suggested by the original paper of Kim, Yoo (1995) . In order to select variables for the one-step method we test all possible combinations by 4 from 25 main economic indicators of the French economy, i.e. 12650 combinations. It is necessary to precise that here we understand the economic cycle in the sense of the growth rate cycle, i.e. the fluctuations of the growth rates of economic activity.
Comparing the results of the one-step method on different datasets, we determine the key economic indicators that are able to give early and accurate signals on the current state of the growth rate cycle. We then compare the results obtained via the one-step estimation to the two-step output. The two methods have also been compared by Camacho, Perez-Quiroz, Poncela (2012) , who showed that the one-step method is preferable to the two-step one, although its marginal gains diminish as the quality of the indicators increases and as more indicators are used to identify the non-linear signal. Their result was illustrated on four series of the Stock-Watson coincident index for the US. Therefore, the first contribution of the present paper is the comparison of the two methods realized on French data. Secondly, we decrease the degree of subjectivity regarding the choice of variables for the one-step method by testing all possible combinations of 25 main economic indicators. This is a contribution relative to existing works on the alternative economic cycle chronologies for France by Kaufmann (2000) , Gregoir, Lenglart (2000) , Kholodilin (2006) , Chen (2007) , Chauvet, Yu (2007) , Dueker, Sola (2008) , Darné, Ferrara (2011) .
The structure of the paper is as follows: in the second section we describe the baseline Markov Switching Dynamic Factor model and its two estimation methods. In the third section we discuss the dataset and the measures of quality that we use to compare the approaches. The fourth section is devoted to the description of one-step and two-step estimation results and to their comparison. Section 5 concludes.
Assume that the growth rate cycle of the economic activity has only two regimes, associated with its low and high levels. The economic activity is unobservable and represents the common part of several observable variables, and is used to identify the most likely state at each point of time. We also assume that the switch between states happens instantaneously, without any transition period, which is considered by STAR family models. We motivate the use of Markov Switching models by the fact that the transition period before profound crises is normally short enough to be omitted. For example, the growth rate of French GDP fell from 0,5% in the first quarter of 2008 to -0,51% in the second quarter of the same year, and furher down to -1,59% in the first quarter of 2009 5 .
We adopt a multivariate Markov switching factor model first described by Kim, Yoo (1995) and used as a basis in most of the papers on Markov Switching for growth rate cycle turning points detection. The model assumes that the information contained in a small number of economic indicators can be summarized in the dynamics of a latent variable (the factor). More precisely, each series can be decomposed into the sum of a common component (the factor) and an idiosyncratic component, and the factor reflects the comovements of this set of economic indicators. The model is written as:
where y t is a N × 1 vector of economic indicators, f t is a univariate common factor, z t is a N × 1 vector of idiosyncratic components, γ is a N × 1 vector.
The factor f t is supposed to follow an autoregressive Markov Switching process with constant probabilities. As we have mentioned before, we consider the case where the economy has only two states, with the high level of constant corresponding to the expansion state and the low level to the recession state and following an autoregressive process with a lag polynomial φ(L). Following Kim, Yoo (1995) , we suppose that φ(L) is of order 2:
where η t ∼ i.i.d. N (0, 1), and φ 1 and φ 2 are the autoregressive coefficients. We don't put any restrictions on the duration of each state (as it is done in the Bry-Boschan algorithm), and characterize the states pointwise, i.e. a recession period may last one month only.
The idiosyncratic component z t follows an autogressive process with a lag polynomial ψ(L). In the same way, we suppose that the order of the polynomial ψ(L) is 2:
where ε t ∼ N (0, Σ), and ψ 1 and ψ 2 are diagonal matrices of coefficients. The innovations ε t are considered to be mutually uncorrelated at all leads and lags and the covariance matrix Σ is diagonal. The switching mean is defined as:
where S t follows an ergodic Markov chain, i.e.
P r(S
Thus, S t switches states according to transition probabilities matrix defined as p 00 1 − p 00 1 − p 11 p 11 , where P (S t = 0|S t−1 = 0) = p 00 . In order to build the likelihood function, we cast the model into state-space form:
where α t is the state variable,
and B, T and R are corresponding coefficient matrices.
More explicitly, the state-space model takes the form:
Formulas of the Kalman filter can be written conditionally to the realizations of the state variable at time t and t − 1. If X (j,i) t|t−1 denotes the predicted value of the variable X t conditional on the information available up to t − 1 and on the realizations S t = j and S t−1 = i, the Kalman filter formulas are as follows: Prediction step:
Error step:
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Updating step:
The Kalman gain K (j,i) t is given by
The conditional loglikelihood function for the sample can then be computed and estimated with the MLE:
where
) is the vector of unknown parameters, the function f ( ) is the gaussian density function, and I t is the information set available at the point t.
Then, the filtered probability of being in state j ∈ {0; 1} in period t conditional on the information available up to t, P r(S t = j|I t , θ), can be obtained using the Bayes theorem:
where The filtered probability is calculated recursively and is initialized with steady state probability of being in state j ∈ {0; 1} in period 0:
As we mentioned above, the model can be estimated by MLE. There are two ways to do it: either in one-step, i.e. to estimate the factor and the parameters simultanueously via Kim's filter (Kim (1994) ), initially designing the factor so that it follows a non-linear dynamics; or in two-steps, estimating the factor first with the help of, for instance, principal component analysis, and plugging it into the model to estimate the parameters afterwards.
One step estimation
When the factor dynamics is unknown, the best estimate of the factor in case of 2 regimes and T periods would be its expected value, i.e. the probability weighted average of all possible 2 T paths of the factor. However, in this case the calculations become very cumbersome. In order to optimise the computation time, we use the filter by Kim (1994) , which consists of collapsing the dimension of possible paths of α t|t and P t|t to two on each step t by taking weighted averages over states at t − 1, so α t|t and P t|t are approximated as 6 :
Within the one-step method, the unknown parameters and factors are estimated simultaneously with the help of numerical search algorithms 7 . Therefore, this method may be relatively costly in terms of time and has serious limitations on the number of series included into the model. For instance, the use of four classic series (industrial production index, employment, retail sales and real income of households) already implies estimation of 22 parameters. Every additional series brings at least four more coefficients to estimate, which extends the estimation time and increases the complexity of the optimal point search. For this reason, we just use four series (as it was done by Kim, Yoo (1995) and as it is often done in case of one-step estimation). To insure the convergence of the optimal point algorithm, we also assume that the switch happens in the constant only as described in (2), and the transition probabilities are time-independent 8 .
6 For further details see Kim (1994) 7 For our estimations we used Nelder-Mead simplex direct search with maximum function evaluations set to 2000, and tolerance for both function and dependent variables set to 0,001. We set the initial values of the parameters to the estimates of the same state-space model but without switch, i.e. the estimates of Stock and Watson (1989) DFM. The latter is, in turn, initialized with the OLS estimates of the system of equations where the first principal component is used as a proxy for the latent common component.
8 Kim, Yoo (1995) showed that although the assumption of the time dependent probabilities improves the quality of the model, the gain in terms of loglikehood is not very large.
A very important feature of this method is that the growth rate cycle can be described as a common component of just a few series. So the choice of variables is essential. It is not obvious that the 4 series that worked well for the US (see Kim, Nelson (1998) and others) will perform properly for the European countries due to the differences both in data collection and the structure of the economies. To avoid subjectivity and possible effects of series selection algorithm as much as possible, we have chosen 25 indicators on the real economy, the financial sector and the perception of the economic situation, and estimate the model on all possible combinations of them.
Two step estimation
As we have already mentioned above, the algorithm of the two-step estimation is the following:
1. The factor f t is extracted from the database of economic indicators as in equation (1) without taking the Markov-Switching dynamics into account. Here we use principal component analysis and consider the first principal component to be a good proxy, as it is a consistent estimator for the factor. 2. The first principal component is supposed to satisfy equations (2) and (4) . Thus the univariate Markov-Switching model of Hamilton (1989) is fitted on this estimated factor. The parameters of the model are then estimated via MLE, where the loglikelihood function is:
3. The filtered probability is calculated as in (17). It is important to note that principal component analysis is not necessarily the best way to extract the factor on the first step. In particular, the two-step estimator based on Kalman filtering or the QML estimator which have been proposed by Doz et al. (2011 Doz et al. ( , 2012 ) seem promising as they allow for mixed frequency, missing data, and data with ragged ends.
There are two advantages of the two-step method relative to the one-step method. The first one is that it allows to consider a large amount of series. Here we take the first principal component of 151 series of economic indicators concerning the production sector, financial sector, employment, households, banking system, perception of the economy, international trade, monetary indicators, major world economic indicators and others. The second advantage is that, with the factor already estimated in the first step, there are much less unknown parameters. This allows to change the specification of the model and to introduce additional switching parameters, for example, replacing σ η by σ ηSt .
3 Data, reference dating and quality indicators
The dataset
Our database for the two-step procedure is constructed on a similar basis as the database used by Stock and Watson (2010) As we are restricted with the number of series we can use for the one step method, we select 25 series out of the 151 series of the initial database. The selection was made on the basis of existing literature where the one-step method was applied for business cycle analysis. To the four classical indicators for business cycle dating of the US economy (total personal income, total manufacturing and trade sales, number of employees on nonagricultural payrolls, total industrial production index) we add series used in Kholodilin (2006) (French stock market index CAC40, interest rates on the 3 months and 12 months government bonds, imports and exports), selected series of business surveys, proved to be useful by Bessec, Doz (2013) , the components of the OECD Composite Leading Indicator, as well as several series characterizing the dynamics of the major trade partners (Germany, the USA, Asia). Since the algorithm is not able to process all 25 series altogether, the series are taken in combinations by four, overall C 
Reference dating
In order to measure the quality of the results of each of the two methods, we need to compare it to some reference business cycle chronology. The choice is not evident, as the existing datings provide different sets of turning points. To our knowledge, there exist at least three open source reference dating chronologies for the European countries: OECD 10 , CEPR 11 and ECRI 12 . Figure 1 below shows that these chronologies indeed do not coincide in the starting and the final points of recessions and in the duration of economic cycle phases. Moreover, OECD states a recession during April 1995 -January 1997 which other institutions do not identify.
The difference obviously lies in the methodology of turning point identification and in the data taken into consideration. The OECD dating is the output of the Bry-Boschan algorithm applied to the Composite Leading Indicator (CLI), which is an aggregate of a fixed set of 9 series (components of the leading indicator), highly correlated to the reference series (industrial production index or GDP series). The turning point chronologies of CEPR are obtained from the balance of expert opinions on the basis of series selected by the experts involved. The ECRI index is the output of an undisclosed statistical tool on the undisclosed (but probably the most information-rich) dataset.
Although each methodology has its weak and strong points, we take the OECD dating as a benchmark as it relies on a clear and replicable algorithm. We thus adopt the definition of the economic cycle as the movement of the cyclical component of GDP and implicitly the comovement years of observations. A longer period (starting with 1990) would reduce the number of cross-sections to 97, while the full original balanced database (213 series) starts in February 1996.
10 http://stats.oecd.org/mei/default.asp?rev=2 11 http://www.cepr.org/content/euro-area-business-cycle-dating-committee 12 https://www.businesscycle.com/
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Figure 1: Economic cycles chronologies according to OECD, ECRI and CEPR. The recession phase corresponds to 1, the expansion phase corresponds to 0.
of 9 monthly components of the CLI, that constitutes the basis for the final turning point dating.
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So, the time sample that we consider covers 5 crises in the French economy as determined by OECD (see Figure The OECD choronology is updated each quarter only, so if one is interested in the estimate of the current state of an economy in January, he will have to wait until the OECD dating is updated in April. As the MS-DFM allows to obtain the estimates much faster, in what follows we compare the timing associated to the one-step and two-step methods to the timing of OECD.
It can be argued that the chronologies on the basis of the Bry-Boschan procedures contain too many arbitrary parameters, and should be used as a reference with caution. However, we support our choice by the fact that the OECD chronology is the closest to datings calculated by INSEE 14 . Although INSEE has no official turning point chronology, in the working paper by Bardaji et al. (2008) and in a similar paper Bardaji et al. (2009) , the authors used the dating on the basis of the cyclical component of GDP extracted with Christiano-Fitzgerald filter as a reference. We reproduce this work and estimate the chronology on the basis of monthly data of industrial production index (as well as quarterly GDP series): the dating we obtain is indeed very close to OECD results. In the same time, it is rather close to the dating obtained by Anas et al. (2007) for Eurostat (see Figure 3 ).
It could also be argued that OECD dating (as well as INSEE datings) can not be used as a reference because they represent the chronologies of the growth cycle, whereas we use MS-DFM to identify the growth rate cycle. Indeed, in order to achieve stationarity in data we use it in differences of logarithms. In our exercise, we intentionally avoid the problem of the cyclical component extraction as it implies additional complications inherent to the definition of a trend. Nevertheless, we argue that OECD dating can still be used since during the latest 25 years these two cycles tend to be very close.
Note that the dating obtained on the basis of Christiano-Fitzgerald filter has two additional recessions (in 1998-1999 and 2004-2005) that are not present in the OECD dating. This might be due to the existence of a lower bound of recession duration inside the Bry-Boschan algorithm (15 months), which neglects short phases (which is the case in these two periods). Indeed, in both cases INSEE detected a deterioration of the economic activity due to different reasons.
According to INSEE, the signal of 1998-1999 recession was most probably explained by the decline in the net external trade of France. Undermined by the Asian and Russian crises, the external demand from Japan, China and Russia, as well as other developping Asian countries and even the UK, Belguim, Italy, fell dramatically -from 10% growth rate in 1997 to only 4% in 1998. The depreciation of yen and dollar contributed to the appreciation of the real effective exchange rate of franc. In general, the external balance of France decreased by 7,1% which resulted into negative contribution to the GDP growth (-0,4 pp) 15 . The producers were pessimistic about future activity (also worried about the financial crisis and reducing prices for energy and oil which threatened to turn into desinflation), decreasing their investment and limiting the inventories 16 .
The recession signal of 2005 was also explained by the deceleration of the external demand due to uncertainty in the economic situation in the US and Japan caused by the oil price shock. Producers in manufacturing and service acted with caution: the prices for raw materials were rising, and euro was appreciating in real terms, the saving rate of households fell, the GDP quarterly growth was declining, too 17 .
It is interesting to notice that the Reversal Index of INSEE (Indicateur de Retournement 18 ) also reflects these observations, having spikes of high probability of recession in 1998 and 2005 (see Figure 4 ). 18 L'Index de Retournement is the index comprised between -1 and 1 which shows the difference between the probability to be in expansion in the current period and the probability to be in recession in the current period. The index is based on the business surveys about the current, past and future perceptions of the economic situation. 
Measures of quality
The proposed one-step and two-step procedures are valid if they are able to reproduce turning points chronology of some reference dating, for example, by OECD Dating Committee. To assess the quality of match we use two popular indicators:
• Quadratic probability measure. This indicator shows the average error of filtered probability as an average quadratic deviation from the reference dating. The higher QP S is, the lower is the quality of fit.
where T is the number of periods in the sample, RD t is the reference dating series of 0 and 1 (1 corresponding to recession, 0 to expansion), and P r[S t = 1|I t ] is the filtered probability of being in recession in period t.
• False positives. This indicator counts the number of wrongly predicted periods. Here we set the threshold probability on the intuitive level of 0,5.
where I P r[St=1|It]>0,5 is the indicator function equal to 1 if the estimated filtered probability if higher than 0,5 (determines recession) and 0 otherwise. The lower F P S is, the more qualitatively accurate is the model. 4 Estimation results
One-step method

Informative series
The estimation over 12650 combinations did not produce 12650 outputs as for most of the combinations the convergence was not achieved, or the series combination produced a factor that does not have a nonlinear structure, or the results were invalid due to the parameter values that produced nonstationary dynamics of the factor. Therefore, only 575 combinations achieved convergence, and only 424 of them have interpretable filtered probabilities. Out of this number, we have retained 72 results that are informative in terms of signals of past recessions. We will refer to the combinations by the number that they were initially attributed (from 1 to 12650).
We construct the frequency rating of economic series (given in Table B .1 of Appendix B) for the integrity of all interpretable results of the one-step estimation. Some series turned out to have weak explanatory content, such as CPI index or CAC-40 financial index, the latter entering none of successful combinations. Others did much better: construction confidence indicator, capacity utilisation, exports, retail trade confidence index and unemployment rate appear each in 22, 21, 20 and 19 combinations, respectively. This allows us to suggest that the contribution of these indicators is important for the final aggregate factor to follow a bi-state dynamics. Note that CPI and the stock market index both enter the OECD CLI, although they seem to be not very informative for the turning points detection in our framework.
To illustrate the results that we considered as interpretable, we present the output of the combination #9982 on Figure 5 . It consists of the 4 most frequent indicators that we mentioned above: unemployment rate, exports, retail trade and construction confidence indicator. The resulting filtered probability is one of the best in terms of fit to the OECD official dating. As we can see from this figure, this combination produces a factor probability that captures 4 out of 5 crises if we consider the economy to be in recession if the filtered probability of a recession is higher than 0,5. One can notice two important drawbacks of this example: first, there is an extra signal in 2004; second, not all the crises are explained equally well. These pitfalls are frequently present in the other outcomes, so we discuss each of them in turn.
Extra signals
In general, out of 72 combinations only 27 do not produce any extra signals of recession that are not present in the reference dating. The other 45 combinations give an additional alert in the end of 1998, or another one around mid-2005, or both. Among the series with the highest loadings that appear relatively more often in such combinations than in the other ones are manufacturing finished goods stocks level, price return on FTSE equity index and Manufacturing Industrial Confidence Indicator. Indeed, we can see that all three series underwent significant downturn in 1998-1999, while in 2005 stocks of manufacturing finished goods and manufacturing confidence index fell back to the levels of the end of the Internet bubble crisis (see Figure 6 ). However, these events are not captured by the OECD dating. 
As we have mentioned above, these signals are not false in the sense of producing a false alert of recession when the economy is actually growing, but they correspond to effective deterioration of economic conditions. However, in order to develop an instrument that would allow to replicate OECD dating precisely, these extra signals should be avoided. The one-step approach allows to do so, since one can exclude the series that are likely to produce extra signals from the dataset 19 .
Different set of series for different crises
As for true recessions, it is important to keep in mind that none of them (at least the 5 recessions we consider here) had the same origins as the other, so it is possible that the determinants of economic activity evolved with time, and thus it is possible that the common factor of a particular set of series does not perceive the Great recession as well as it reflected the crisis of 1992-1993. However, in order to construct a universal instrument, it is preferable to find series that would capture the recession in all cases, if possible. For this purpose we compare the quality indicators of 72 sets of variables for each crisis separately. The Table B .2 in Appendix B summarizes the information on the best combinations by crisis. Here FPS stands for false positives and shows the proportion of months of each crisis incorrectly determined as expansion, i.e. the lower FPS is, the better a crisis is captured.
We can see that:
• the combination 8816 (the volume of total retail trade, unemployment rate, trade balance and order books in the building industry, with the highest loadings on unemployment (8)) is the best to describe the probability of the first and the last crisis and captures the second crisis almost as well as two other combinations.
• the combination 3913 (new passenger cars sales and registration, retail trade orders intentions, export, confidence indicator in services, with the highest loadings on retail trade (4) and Confidence Index in services (24)) is leading in case of the second, the third and the fourth crises, being significantly superior to the other combinations for the third and the fourth recessions.
• Although good on certain periods of the timeline, unfortunately none of these sets of variables could be used as a 'core' set due to their relatively poor performance on the expansion periods and non-detected crises. The set of data contained in these 2 combinations appears to be sufficient to identify all 5 crises with a special role given to unemployment, retail trade orders intentions and confidence index in services.
The finally selected information set
Considering the observations on the effects of different series on the final filtered probability, we conclude that a good information set would: 1) contain the series that enable us to determine all the 5 crises 19 Interestingly, Bruno and Otranto (2004) also find similar signals of 1998-1999 and 2005 for the chronology of the Italian economic cycle. They note that these signals appear when the dating is produced by direct methods, i.e. on the basis of a common factor, while the dating on the basis of aggregated individual chronologies (as is the case of OECD dating) does not produce them. Table B .3 in Appendix B. The first eight are in the lowest 10% by both indicators, so 7 of them (we exclude the combination #3394 because of the presence of extra signals) could be candidates for the 'core' sets of economic indicators that enable to replicate the OECD dating. The graphs of corresponding 7 filtered probabilities are given in Figure B .1 of Appendix B.
It is not surprising that there are several 'best' sets of variables, as the restriction of the model to comprise only 4 series into the model is just a technical limitation, and the factor matching the dynamics of the GDP growth of the economy is determined by much more series. The analysis of the factor loadings of these 7 combinations can give us an idea of the economic indicators that play the most important role in dating of GDP growth series. According to our estimations, the heaviest factor loadings belong to (see Table B In order to overcome the problem of limited use of data, we attempt an estimation of the one-step method on the 13 series above, i.e. on the whole selected information set, listed above. Unfortunately, the optimisation algorithm did not acheive convergence while searching for likelihood maximizing set of parameters, although, with the parameters set on their initial values, the filtered probability calculated at the initial values of parameters (obtained with OLS) captures all the five crises without detecting any extra recessions, as expected (see Figure B .2 in Appendix B). We also attempted a one-step estimation on the 9 components of OECD CLI, and the results that we managed to obtained (the algorithm converged only on a certain subsample) contain much more extra signals than before, with the beginnings and the ends of business cycle phases determined with much less precision. Both these observations confirm that inclusion of too many unknown parameters may result into convergence problems, and thus the number of series is technically limited for the one-step method. Therefore, since it seems unfeasible to use the information contained in the abovelisted 13 series simultaneously within one-step approach, the results of the 7 combinations should be used as complements.
Two-step method
First step: PCA On the first step of the procedure we extract the first factor by principal component analysis. The first principal component that we use as a proxy for the factor in the two-step method describes 23,43% of the total variance which is quite reasonable when considering the size and heterogeneity of the database. The dynamics of the first component and the factor loadings are presented below in Figure 7 and Figure 8 . One can note that it is close to the dynamics of GDP growth, so the factor is relevant. Indeed, the correlation on the whole sample is equal to 0,91, while the correlation on the shorter period ending in December 2007 to eliminate the impact of the Great Recession is 0,895. The three groups of the heaviest weights in the first component correspond to: 1) production and consumption series, disaggregated; 2) business surveys; 3) series concerning the world economy. The first component therefore captures the present and expected behavior of firms and households and the impact of foreign economies and pays less attention to the banking and financial sector, monetary aggregates, balance of payments and currency indicators.
Second step: estimation of a Markov-Switching model
Basic specification, a switch in mean only.
On the second step of the two-step estimation procedure we estimate a Markov-switching model as defined in equation (2) of the model, with the unobservable factor replaced by the first principal component estimated on the first step. The results are quite satisfactory, with the filtered probabilities capturing all the crises well (but the first one) and without sizable leads and lags (see Figure 9 ). As expected, the estimations provide a positive constant for the expansion periods, and a negative one for recessions: µ 0 = 1, 04, µ 1 = −1, 77, respectively (the estimates are significant at 1% level of significance). For this specification, QP S = 0, 1278 and F P S/T = 0, 1872, and the average lag of the identification of the beginning of recession is 0,75 months, while the end of recession is detected 1 month earlier). Note that this result already outperforms the best result of our one-step estimations. The extra signals of 1998-1999 and 2004-2005 are clearly detected by the first component. This may be explained by the fact that the dataset includes the series which induce extra signals for the one-step method, as well as a number of other series that experienced shocks in these periods. We did a simple exercise by trying to eliminate these series from the dataset. It turned out impossible to get rid of all extra signals without deteriorating the signals on the OECD recessions. The removal of series undermines the performance of the two-step method and deprives it of its most valuable advantage -the large scale of data. However, it is not a big disadvantage since these signals are not erroneous, as we mentioned before.
Similarly, the transitory improvement in the middle of the Internet bubble crisis and the earlier detection of the beginning of the sovereign debt crisis, omitted by OECD dating because of its temporary character, can be tracked in the INSEE reports issued soon after this period 20 .
Alternative specification, switches in mean and variance. We take advantage of the possibility to introduce switches into other coefficients of the model to check whether it will bring to enhanced detection of the turning points. Now we let the variance 20 INSEE observed the enhancement of the business climate in 2001 primarily due to the subjective perception that the US have passed the trough of the business cycle, rebound growth in Asia, Germany and the negative oil price shock improved the expectations of investors and entrepreneurs, while the decrease in taxes gave an extra stimulus for household consumption, increasing their purchasing power (INSEE CONJONCTURE, Note de conjoncture, Mars 2002). The reasons for early peaks in 2011 are the deterioration of business climate in France, seism in Japan, antiinflation policies in developing countries, as well as budget consolidation policy in the developed countries, positive price shocks for commodities (oil included) increased production costs. All this led to a certain pessimism among French investors (Point de conjuncture October 2011, INSEE).
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where η st ∼ N (0, σ 2 St ). While as performative on average (QP S = 0, 1278), (F P S/T = 0, 1832) as the basic specification, the alternative specification is slightly better in capturing the beginnings and ends of recessions (the identification lag is 0 and 1 months on average, respectively) 21 . As before, the estimations provide a positive constant for the expansion period, and a negative one for recessions µ 0 = 1, 22, µ 1 = −1, 52. The volatility of the factor dynamics is estimated to be almost two times higher during recessions (σ 0 = 0, 4, σ 1 = 0, 75). The estimates of the other parameters are given in Table C .1 in Appendix C. Again, the filtered probabilities produced by this specification capture all the crises well (but the first one) and without sizable leads and lags. The dynamics of filtered probabilities for this specification resembles the one for the basic specification, so we do not report the graph here.
Comparison: one-step vs two-step
In order to give a general comparison, we oppose the quality indicators of the two-step estimation to the average of 7 best outcomes of the one-step method, as we suggest that they can be complements to each other. As before, we compare the average number of false signals FPS, the average square error QPS, the timing and the average number of periods between the estimated and reference beginning (and end) of recessions (see Table 1 ). We also compare our results to the chronologies estimated by Kauffman (2006), Chauvet, Yu (2006) , Chen (2007) , Kholodilin (2006) . The two step method is more accurate in terms of average error QPS, even though it produces extra signals. The difference between the average one-step method and two-step method in both QPS and average FPS is negligible, so the average performance of the two methods is comparable. However, taking into account that the one-step method results are free of extra signals (because we managed to select the series so), this means that for the OECD recessions the two-step method is more precise. Actually, the two-step method is much more accurate with respect to the beginning and the end of recessions, with a tendency to indicate the beginning of a recession on average one quarter of a month earlier; the one-step method is late with the beginning on 2,5 months and precipitates the end 2,6 months earlier. In general, both methods produce early warning signals. For the one-step method, with the exception for the combination #9982, the data in each of the retained combinations are updated with 1 month or even 0 month lag (case #6089). This means that the current phase of the GDP growth cycle in January 2015 can be determined either in February or March 2015, with no need to wait for the release of quarterly GDP growth data in April 2015. Though the gain in time is not very big, it may still be of a great imporance for policy makers. For the two-step method, the estimates are available in two months. This is still less than the timing of OECD, although one month more than the timing of the one-step method. In this respect, the estimation of the factor on the first step with the help of one of the procedures proposed by Doz 21 We also tried specifications with switching autoregressive coefficients and different combinations of switching parameters, but none of them are as performative. To save space, we do not report the results here, but they are available on request. (2000) 0,2151 Chauvet, Yu (2006) 0,3777 Chen (2007) 0,2839 Kholodilin (2006) 0,152 0,3333 Start lag -the number of lags between the estimated start of a recession and the OECD determined start; End lag -the number of lags between the estimated end of a recession and the OECD determined end; T is the number of periods in the sample et al. (2011, 2012 ) is very promising since it allows to have the estimator of the factor on the available information only, without waiting until all series in the database are updated. We leave this exercise for further research.
All the estimated models give similar qualitative results in terms of the values of coefficients (see Table C .1 in Appendix C): there are two distinct regimes, which are characterized by a negative constant in the recession state and a positive constant in the expansion state. The magnitude of the differences in the two values of constants varies as the the magnitude of factors is determined by the underlying economic indicators. The transition probabilities are coherent, too. The phases of the French growth rate cycle are very persistent, with the probability to stay in expansion while being in expansion a bit higher than the probability to have two consecutive months in recession. All other estimates of the Table 2 cannot be interpreted directly as they refer to different series and are given for information.
We also performed a robustness-check exercise, estimating the model with both methods on expanding sample. Although the resulting filtered probabilities are stable when the sample is up to 50 points shorter, the convergence is not always achieved for the one-step method, which is not very convenient.
The final datings for both methods are similar in general, although some incoherences and divergence from the OECD series exists (see Table 2 ). 1995m07 1995m06 1995m08 1995m08 1995m09 1995m07 1995m09 1995m01 1995m03 T 1996m12 1996m12 1996m09 1996m10 1996m10 1997m01 1997m05 1997m01 1997m01 1 false signal P 1998m09
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Conclusion
The estimation of the MS-DFM on the French data shows that it is a valid instrument to date economic cycles. It allows to know the current state of the business cycle as determined by OECD one or two months before the OECD release.
Having compared the one-step and two-step estimation methods of the model, we show that both approaches produce qualitatively similar results -the common factor of several specific economic series (in case of one-step method) and the first principal component of a large set of series (in case of two-step method) can be characterized as having two distinct phases with low and high growth rates. The two-step method also allows to detect the difference in the magnitude of variance in the factor dynamics. Four out of five crises are captured by high filtered probability of recession well and on time, implying that both methods are valid for determination of turning points of the growth rate cycle in France as determined by OECD and allow to identify turning points more timely than any official dating committee, which is important for economic agents and policymakers. This result is of course to be confirmed through a pseudo real-time study, which we leave for further research.
The results of one-step method differ greatly subject to the composition of the 4 economic series that enter the model under this approach. We find the most explicative series (retail trade order intentions, number of job seekers, the survey on manufacturing business situation future and construction confidence index) and the series that produce extra signals (manufacturing finished goods stock level, price return on FTSE equity index and Manufacturing Industrial Confidence Indicator) and determine 7 sets that perform the best in terms of concordance of estimated turning points with OECD chronology. Since the set of series considered with one-step method is limited to 4 series, it seems reasonable to use several sets (i.e. several results of one-step estimation) as complements to overcome the information constraint.
Using a more comprehensive dataset with two-step method allows us to obtain more accurate estimates of the beginning and the end of recessions. However, it inevietably detects short recessions (like in 1998-1999 and 2004-2005) that are omitted in OECD dating. We show that these signals are not false, as the worsening of economic situation was marked in the corresponding short term INSEE reports, as well as captured by the Index of reversal by INSEE and the datings obtained with the help of Christiano-Fitgerald filter.
We conclude that either method can be used to replicate the OECD dating. Nevertheless, we tend to give favor to the two-step method, as it allows to have a valid dating of turning points without going through a complicated procedure of series selection. On the other hand, it is much less time-consuming and the convergence problems are not frequent. Our exercise shows that when the dataset is large, the factor does not face the problem of slow response to the recent shocks (as it was shown in Camacho et al. (2011)), but is able to provide early alerts of the upcoming change of state. Another advantage of the two-step method is that is opens the way to use various estimation techniques of the factor on the first step. In this respect, further research will concern a 2-step estimator proposed by Doz et al. (2011) as well as the QML estimator proposed by Doz et al. (2012) instead of PCA. It will allow to use data of different frequences, with missing observations or ragged ends. Appendix C. Estimation results for one-step and two-step methods Estimates marked with * are significant on 5% level of confidence probability. ση0 and ση1 stand for the standard error of ηt (the stochastic term in factor dynamics) in expansion and recession states, respectively.
